C h all e n g e s a n d d riv e r s fo r d a t a m i ni n g in t h e AEC s e c t o r
Business Intelligence and Analytics (BI&A) and the related field of big data analytics have gained great significance over the past two decades (Chen et al., 2012) .
Top performing organizations are three times more likely to use sophisticated methods in their use of data analytics than lower performers, making analytics a major differentiating factor (Davenport & Harris, 2007; Hopkins et al, 2010) . BI&A is often referred to as the techniques, technologies, systems, practices, methodologies, and applications that analyse critical business data to help an enterprise better understand its business and make timely business decision (Chen et al., 2012) . According to a report by Gartner (2015) , with the mobile and cloud computing technologies, the dynamic BI&A market is undergoing a fundamental shift from highly centralised, IT-led consolidation and standardisation projects to a more mobile, user-centric and interactive styles of analysis and reporting without requiring the users to have static location and IT/data science skills. These business-centric practices and methodologies can be applied to various high-impact applications such as in: e-commerce, market intelligence, e-government, healthcare, security, determining human/asset location, and manufacturing etc. (Turban et al., 2008; Brown et al., 2011) .
A closely related term to BI&A is Data-Driven Decision making (DDD), which refers to the practice of making decisions on the analysis of data rather than purely on intuition, and can translate into increased productivity and market value (Provost and Fawcett, 2013) . However, the act of gathering and storing large amounts of data for eventual analysis and decision-making is not new. Over the past 20 years, the amount, type and flow of data in many organizations have exponentially increased and is now classified as Big Data (Gantz and Reinsel, 2011; Chen et al., 2014) . Moreover, Big Data is accumulating from multiple sources such as systems, sensors and mobile devices etc. at an alarming velocity, volume and variety to an extent that 90% of the data in the world today has been created in the last two years alone (Zikopoulos et al., 2013; IBM, 2017) . This influx of data offers insights for making right decisions at the right time based on efficient aggregation and analysis of internal and external data in organisations.
Given the competitive and complex nature of the construction industry, and the constant transformation in its methodologies and processes, more and more businesses need to rely on fact-based decision making and analysis to guarantee their survival (Witten et al., 2016; Shmueli et al., 2017; Tixier et al. 2017 ). However, the topic is still novel and the volume of research in the AEC domain, particularly in terms of works 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58 59 60 e e r i n g , C o n s t r u c t i o n a n d A r c h i t e c t u r a l M a n a g e m investigating the subject at the sector/industry level is limited (Bilal et al., 2016; Ahmed et al., 2017) . This paper therefore attempts to develop an understanding of the potential and challenges of data analytics and data mining in the AEC sector and to present a scoping a study, providing a ground for future research in the field.
Business Intelligence, Analytics and Data Mining: What is the difference?
Business intelligence (BI) is an umbrella term that includes the applications, infrastructure and tools, and best practices that help gain access to and analysis of information to improve and optimize decisions and performance (Gartner, 2017) .
Business Analytics is considered a subset of BI however, there are some differentiating factors which can be understood from Table 1 . 
Business Intelligence
Business Analytics Reference a broader concept that comprises of technologies and processes used to understand and analyze business performance encompasses accessing data, reporting and analytics to provide answer questions about an organization's business activities a subset of business intelligence involves rigorous use of data, statistical and quantitative analysis, explanatory and predictive modeling, and factbased management to drive decisions and actions Davenport and Harris (2007) ; Power et al. (2015) strong association with conventional, technical reporting generates greater value and has a more proactive approach towards data than conventional BI Davenport and Harris,(2007) ; Laursen and Thorlund (2010) employs a fixed set of metrics for the evaluation of historical performance and for carrying out future planning only queries and report generation does not guide actions to be taken for the improvement of the organization and so lacks decision support system capabilities involves use of more dynamic and developed problem solving tools or methods such as optimization involves gaining future insights and analyzing data to extract meaningful information and actionable decisions which shows its decision support system capabilities. Wang (2014) 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   e  e  r  i  n  g  ,  C  o  n  s  t  r  u  c  t  i  o  n  a  n  d  A  r  c  h i t e c t u r a l M a n a g e m develops intelligence through descriptive analytics majorly inclination towards automation or prescriptive analytics and improved forecasting models Gangotra and Shankar (2016) ; Laursen and Thorlund (2010) uses structured data often stored in relational database management systems can make use of unstructured data that is widely available through various sources such as the web and the internet Chen et al. (2012) Table 1 shows that Business Analytics is BI that relies on statistical modelling, predictive and forecasting techniques. Davenport (2013) suggests that there are three types of analytics; descriptive, which reports on the past to report 'what has happened?'; predictive, which uses models based on past data to predict the future and to determine 'what could happen?'; and prescriptive, which uses models to specify optimal behaviours, actions and answer 'what should we do?'.
Data Mining analyses large quantities of data in order to discover meaningful patterns by using a combination of pattern-recognition rules, statistical rules, as well as rules drawn from machine learning (an area of computer science) (Ledolter, 2013; Larose, 2014) . Figure 1 highlights the positioning of data mining on a Business Analytics spectrum. It can be seen that it mainly falls under predictive analytics where the complexity is higher than descriptive analytics. According to Camm et al. (2015) , Data
Mining can be classified as:
• Supervised learning: defined as a set of tools used for prediction (linear model, logistic regression, linear discriminant analysis, classification trees etc.)
• Unsupervised learning: an exploratory data analysis technique used for identifying groups (e.g. patterns, clusters, association rules etc.) in the data set of interest.
The ability to embed analytics and optimization in DDD process promises huge benefits for customers and markets (Davenport, 2013) . The benefits have also been demonstrated conclusively in a study conducted on how DDD affects organizations' performance (Brynjolfsson et al., 2011) . The research shows statistically that one standard deviation higher on the DDD scale is associated with a 4-6% increase in productivity. The research also shows that DDD is correlated with higher return on assets, return on equity, asset utilization, and market value, and the relationship seems to be causal. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   e  e  r  i  n  g 
Data and business performance in the AEC sector
The AEC sector, in general, is characterised by its slow pace of change, low productivity, waste, fragmentation and long established processes and ways of doing business that have not changed over the decades (Behera et al., 2015; Arashpour et al., 2017) . Whilst there have been incremental improvements in workflows and processes, there has not been a fundamental change in how the business is done. In contrast, other industry sectors (e.g. Aerospace, Automotive, Aviation) have undergone paradigm shifts in the way they deliver value to their customers (Crowley, 1998; Green et al., 2005; Bonev et al., 2015) . The increasing scrutiny over construction costs by clients, coupled with the increasing pressure on data transparency has made a strong case for better management of construction data.
Better utilisation of data and analytics is particularly important in early project decision making, which has a huge influence on the downstream life-cycle stages (Bilal et al., 2016) . It is expected that in the near future, decision making will become more complex because of increasing demands and expectations, coupled with paucity of funds and fast paced technology growth. In early project stages, the ability to influence the key project parameters is maximum and the cost of any proposed design changes are minimal. (Jiao et al., 2013) . Adding to the existing data volumes and complexity, automatically data generating technologies such as laser scanning, advanced photogrammetry, mobile computing and sensors have been fast penetrating into the sector's daily operations (Chen and Kamara, 2011; Razavi and Haas, 2011; Kim et al, 2013) . Alongside the technical data interoperability issues, due to the project centric, dynamic and fragmented nature of the sector, the problem of data integration, and subsequently data analytics, throughout the lifecycle of a project among multiple collaborative organizations remain unsolved (Bakis et al., 2007; Cerovsek, 2011) .
Recently, the Building Information Modeling (BIM) concept has been widely discussed as a single project-life cycle data repository (Howard and Bjork, 2008; Babic et al., 2010) . Nonetheless, it is still a challenge to completely integrate both design (e.g. geometric and parametric descriptions) and management (e.g. scheduling, monitoring, work assignments) related data onto a singular data representation through the project-life cycle with additional standardization, interoperability and data sharing issues (Jiao et al., 2013) . Ironically, with the improved capabilities of BIM with systems like seismic, lighting and energy simulation in project design , the extension of the use of BIM models from design to construction and maintenance , and the increasing integration of BIM systems with mobile and cloud computing, even bigger data sets to manage have been generated for the sector (Popov et al., 2010; Kim et al., 2011; Redmond et al., 2012) .
Robust analytics that holistically infer from diverse data resources and those singular project data representations are yet to come.
Given bigger data sets being generated within almost each project life-cycle and fast developing Big Data analytics opportunities, the sector lags behind in obtaining value from those data as an asset and DDD as a managerial competence (Bilal et al., 2016; Ahmed et al., 2017) . Organizations in the AEC sector can succeed based on their ability to achieve constant yield from each project. There is tremendous value in turning (Kamara et al., 2002) . BI&A can be used to analyse past performance for planning, identify exceptions for action and trend current performance for forecasting. Many construction executives often make decisions based on their intuitions and subjective judgements, justified by years of experience and expertise (Mohemad et al., 2010) . However, today's fierce competition requires precision and process improvements to avoid any, if not all, risks associated with construction financial and project management, which requires BI&A to be an integral part of the sector's business strategy. The rest of this section looks into the potential of Data Mining in the AEC sector.
Data Mining in the AEC sector
Data mining is the application of specific algorithms or techniques for extracting knowledge patterns from data sets (Fayyad et al., 1996) . The patterns discovered must be meaningful in that they lead to some advantage in decision making. Although the traditional way of making decisions in construction organisations is based on chief executives' experience and gut feelings, the fierce market conditions in construction today requires precision and process improvement to avoid any risks associated with financial and project management issues (Mehta, 2010) . Being a relatively recent phenomenon for construction, data mining techniques were mostly introduced to the AEC sector at the beginning of the 2000s (Hammad et al., 2013) . In the AEC sector, BI&A can be used in (i) analysing data from the generic, firm-wide level to the more specific, individual level, (ii) performing "what if" analyses for cash flow, revenue and profit,(iii) eliminating cumbersome Excel spread sheets, and (iv) integrating information from different financial software resources such as SAP or Tally for a complete view of the business (Mehta, 2010) . Specific data mining applications exploiting Artificial Neural Networks, Genetic Algorithms, Neuro-Fuzzy Systems, Bayesian Networks, Case Based
Reasoning, text mining, decision trees, clustering and regression on smaller, structured construction data warehouses have been applied and brought a number of benefits to the AEC sector; 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   e  e  r  i  n  g 
r a l M a n a g e m (Rujirayanyon and Shi, 2006) . The practice of inference from that historic data is broadly called data mining, which is the act of extraction of implicit, previously unknown, and potentially useful information and knowledge from recorded data sets (Frawley et al, 1992) .
• Data mining is also used for optimizing structural engineering design (Leu et al., 2001; Tinoco et al., 2011; Gandomi et al., 2016) , energy efficient and sustainable building design Naganathan et al., 2016) , supporting collaborative design processes (Chiu and Lan, 2005) , construction operation simulation (Akhavian and Behzadan, 2013) , investment feasibility analysis (Yun and Caldas, 2009 ), future cost forecasting (Wilcot and Cheng, 2003) , analysing building performance (Ahmed et al., 2009; Fan et al., 2015) , construction accident analysis (Abdelhamid and Everett, 2000; Huang and Hinze, 2003; Ding et al., 2018) , safety clash detection (Tixier et al., 2017) , optimizing bid selection policies (Art Chaovalitwongse et al., 2011) , hierarchical construction document classification (Caldas and Soibelman, 2003) , asphalt paving pattern prediction and analysis for transportation projects (Nassar, 2007) and predictive cost overrun and mitigation analysis (Ahiaga-Dagbui and Smith, 2014; Williams and Gong, 2014 ).
• Data mining also provides useful tools that help to explain how building systems and facilities that were once thought to be completely chaotic have predictable patterns (Peitgen et al, 199; Fan et al., 2015) . A report by Liew and Rosenblatt (2003) revealed that applying data mining techniques could greatly help facility managers to identify crucial maintenance cost patterns and to form preventive maintenance plans. Reffat et al. (2006) 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   e  e  r  i  n  g 
r a l M a n a g e m maintenance works, calculating benefits from successful maintenance practices, maintenance resource allocations and better planning in maintenance works.
Having outlined those data mining implementations and possibilities, it should be noted most of the data mining discussions in construction are coming from specific academic research efforts, which do not illustrate the general extent of the use of data mining in the sector with its drivers and challenges. Previous studies of data mining in the construction industry have mainly focused on introducing new data mining techniques, comparing between techniques, and comparing between data mining techniques and traditional methods (Yun and Caldas, 2009 ). Also, the amount of data within the sector has become increasingly overwhelming, as well as the growth of many business, government, and scientific databases coupled with the data generated by individuals and even inanimate objects (i.e. sensors, mobile and wearable computing) has begun to far outpace our ability to interpret and digest those data holistically with conventional approaches. Nassar (2007) illustrated some key issues relating to the implementation of data mining in construction;
• Lack of standardisation in the construction industry as to collecting and storing project and company specific data. This industry fragmentation significantly hinders the uptake of data mining techniques in practice,
• The way in which the information is stored in the construction industry is generally not very organised and patchy. In the research presented by Nassar (2007), for example, various pieces of information had to be collected from bulletins, reports, as well as electronic databases and then re-structured into one database in order to facilitate data mining,
• There is a need for a unified data model for construction data. This unified data model would be similar to the current building product model utilized in the Industry Foundation Classes (IFC) but would focus primarily on construction specific data. One layer would capture project-specific data such as cost, estimate, schedule and productivity. The second layer would capture company-specific data, such as profitability, bids and bonding capacity. These two layers would be obviously interrelated so that information can be indexed from one layer to another. The third layer would capture industry-specific data such as employment rates, industry wide productivity rates and financial ratios.
A study by Silwattananusarn and Tuamsuk (2012) looked into the available literature on data mining applications for Knowledge Management (KM). The study divided knowledge resources into eight groups as to which knowledge object to be stored and manipulated in KM and how data mining aids for health care, retailing, financial banking, small and middle business, entrepreneurial science, collaboration and teamwork, general business and construction organisations. The study revealed that only 19 articles containing both "Data Mining" and "Knowledge Management" in their title, keyword or abstract fields had been published between 2007 and 2012. For construction, the authors stated that a large part of enterprise information was available in the form of textual data.
This leads to the influence of text mining techniques to handle textual information source for industrial knowledge discovery and management solutions, which have been applied in a very small number of conceptual research efforts in construction so far.
In light of this context, it can inferred that there is a lack of empirical research exploring the data mining concept for construction (Soibelman and Kim, 2002; Gajzler, 2010; Bilal et al., 2016; Ahmet et al, 2017) . Therefore, this paper aims at understanding the current challenges and drivers for data mining in the AEC sector.
Research methodology
This paper shares the outcome of a an industry workshop that was carried to develop a scoping study for an SME IT group (XpertRule) in order to explore the potential and challenges for utilising Data Mining in the AEC sector and whether these align with what has already been identified from the literature. The focus group consisted of a mixture of 65 participants from the UK construction sector (AEC) and academia with a few participants from IT service providers to the AEC sector. When researchers seek depth or execute scoping studies at industry/sector level on a subject, focus groups are frequently preferred to quickly capture rich insights from relevant individuals, enabling the exploration of novel or complex phenomena (Love et al., 2010; Anvuur et al., 2011; Liamputtong, 2011; Krueger and Casey, 2014; Loosemore, 2014; Loudoun and Townsend, 2017) . It was anticipated that the level of understanding of the subject among the AEC sector professionals and some Higher Education sector participants might have been limited. Therefore, four presentations on issues associated with construction data types, data management and data driven decision making in the AEC sector, the data mining and BI&A concepts, their current use in the AEC sector compared to other sectors, their possible future use across the project life-cycle, and opportunities facilitated by emerging IT solutions were given to the attendees by subject experts.
Details of the workshop attendees can be seen in
After the presentations, it was assumed that the participants had gained a satisfactory understanding of Business Intelligence, Data Mining and their applications across different sectors for the scoping research presented in the paper. Following the presentations and initial discussions, the participants' feedback was collated in two steps as explained below. At the end of the workshop, initial findings were presented to the attendees and also, the attendees were contacted within 2 weeks after the workshop to inform them of the collated findings and to obtain their further comments and suggestions for validation. Some minor comments were received from especially senior managers and academics that were incorporated into the final discussion.
The following steps were taken to analyse the focus group findings (Liamputtong, 2011; Krueger and Casey, 2014) ; (i) transcribing the written feedback and the discussion voice records of the participants, (ii) noting the main ideas emerging for each question, (iii) reviewing, classifying and grouping the recurring ideas, (iv) identifying the main themes associated with those ideas, (v) reporting the main findings, and (vi) seeking validation and reviewing the findings.
Step 1 -Panel discussion
A panel formed of a senior construction manager, a senior academic in the built environment and a director of an IT company led the discussion about the potential for the use of Data Mining for Business Intelligence in the AEC sector.
Step 2 -Participants' feedback
The participants were asked to give written feedback to include three main points in response to the following four questions.
Q1: What are the key drivers to use Data Mining within construction? Q2: Which processes within construction hold the greatest potential for Data Mining applications? Q3: What are the key challenges to application of Data Mining within construction? Q4: What steps should be taken by the construction industry to drive the uptake of Data Mining?
The rest of the paper shares the results generated and captured from the above steps.
Results and analysis
Step 1 -Panel Discussion
The panel discussion evolved around the attendees' feedback for the four main questions.
Based on the discussions, a few generic conclusions were made: • There is a great potential in using Data Mining in order to improve the sustainability aspects of projects, reducing project waste, improving processes, improving market intelligence, supporting the decision making process and improving business certainty.
• Data Mining principles and concepts can be applied throughout the construction life cycle from conception to operation.
• The main challenges that face the application of data mining in construction have to do with obtaining the right data, understanding its relevance and importance, the intellectual rights, cultural and trust issues, skills and cultural changes that need leadership to drive this concept.
• There is a potential for construction companies and academics to work together on Knowledge Transfer Schemes.
Step 2 -Participants feedback
The participants were asked about the key drivers for using Data Mining in construction. to handover and beyond, whereby project data can help with increasing the operational effectiveness within a building, whether it related to the management of the occupancy of the building or energy consumption, identifying the causes of waste during the design and construction process, predicting risk and identifying health and safety measures to improve the project performance.
-Market Intelligence -The participants considered Data Mining and Business
Analytics to play an important role in gaining a competitive advantage through a better understanding of the construction market and specific demand and supply patterns, as well as in serving the client needs to provide a product with a competitive advantage in terms of cost, time and quality.
-Cost Certainty and Cost Reduction -The participants' responses also aligned with the literature, which puts much emphasis on the use of Data Mining to predict cost certainty in the business world, and to work out patterns of behaviour for cost reduction, which in return helps to improve the project efficiency and the project profit margins.
-Performance Certainty -The participants felt that Data Mining techniques would be useful to improve the cost, time and quality of construction projects through gaining a better understanding of the history of project performance, and gaining a prediction of improved performance certainty for future projects.
-Decision Support Systems -The participants perceived Data Mining as a tool to help with decision support systems through the sharing of good practice, in order to understand the roots of problems and to enable the project team to create 'whatif-scenarios' to improve the decision making process, making sense of existing project strategies with an attempt for continuous improvement that is driven by data. -Design -The Participants indicated that data generated from the design feedback loop gives architects and clients a good insight into the lessons learnt from previous projects at the design stage, and to define patterns of behaviours at this stage.
-Construction -The majority of the participants agreed that there is a lot of data generated from the construction stage particularly at the planning and programming stage, where Data Mining can analyse the time and cost efficiencies and efficiencies of different stages of projects to help enhance the performance of on-going, as well as future projects. In addition, the participants also saw great potential for Data Mining to improve the off-site manufacturing processes, where the same principles apply, as well as data on plant and machinery performance on construction sites.
-Forensic Analysis -The participants gave a broad range of factors that could benefit from Data Analytics and Data Mining techniques in order to develop an understanding of the general trends as to why project are delayed, project defects' causes and effects, the market trends in the AEC sector over the years in relation to the supply chain and the client requirements.
-Sustainability and Energy Consumption -The participants saw real potential for extracting data to detect patterns of behaviour through real time and truly embedded carbon processes and components such as the fabrication, transportation and extraction of construction materials and building components. construction project. The data is often times in a paper based format and/or available in silos and in an unstructured manner.
-Data Formatting Issues -The participants perceived the attainment of data as one of the main challenges that face the AEC sector due to the fragmented nature of its processes, which forces some of the stakeholders to the projects to work in silos, while the actual data is either available in paper format (not on a shared drive where everyone can access), in inconsistent formats, or is unstructured, poorly and inconsistently documented and not easy to access. The participants also drew attention to the lack of an existing standard or a uniform model for reporting and storing information, particularly when it comes to work generated on different construction sites.
-Need for Cultural Changes -The participants clearly recognised the need for cultural changes in the way people work, and share information openly for the benefit of the business itself, where a certain level of trust needs to be achieved with good leadership to drive this change. Leadership would also mean training people to show the value in sharing project data, and investing in IT and infrastructure systems. There also needs to be some clear protocols around data sharing rights and intellectual property rights, while not many construction companies have tackled these issues, particularly where much of the data are generated through the design and procurement process.
-IT Tools Used in Silos -The participants emphasised the importance of having an appropriate IT infrastructure that is capable of coping with different file formats and sharing, distributing and updating information that sit in silos of spread sheets. Therefore, having an IT structure that helps to deal and interpolate the data is key.
-Skills Requirements -Another interesting set of challenges that was highlighted by the participants evolves around the skills required to understand how the data could be used when generated, and how to plan ahead to store the data so that it makes sense when it is generated, and for there to be a clear differentiation Finally, the participants were asked about the "Steps to be taken by the Construction Industry to Drive the uptake of Data Mining". The results can be seen in Figure 5 . The participant's responses were categorised as follows;
-Organisational Issues -This category mainly focused on the organisational mindsets, and the need to change the perceptions in terms of using IT and for it not only to be a communication tool but for it to be a mean for Business Intelligence.
In alignment with the previous points made, the participants also felt that openness and transparency (which are the resultants of trust) are key to providing and sharing valuable data, and for this to happen, sufficient resources and investments are required to promote good practices that will reap the long term benefits.
-Benefit Realisation -Again, the participants emphasised the need for organisations to demonstrate the benefits that can be realised through different processes, where tendering was given as an example, as that much of the data generated from this process can help with understanding the probability of success or failure of project prospects.
-Technologies -The participants agreed that changing the mind-set to an understanding that the technology is there to enable data sharing through transparent and open environments, is a step forward toward integrating and gathering the relevant data for business intelligence. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 
Summary and Conclusions
Business Intelligence and Analytics enables Data-Driven Decision making, which refers to the practice of basing decisions on the analysis of data rather than purely on intuition, that can translate into an increase in productivity, higher return on assets, return on equity, better asset and resource utilisation, and higher market value. This paper argued that although Data Driven Decision making has been widely utilised in different sectors and on the rise in the business world, beyond some specific cases or research 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 et al. (2017) . The wider applications for the sector can lead to data-driven predictions in project KPIs, such as cash flow, and how projects will generate or consume cash, liquidity of project assets, labour productivity, factors that cause project and margin variance, rectifying time and cost defects and improving project deficiencies; and better predictions in asset whole-life performance. Therefore, to further identify challenges and drivers for using Data Mining (Data-Driven Decision making) and the steps that should be taken by the AEC industry to realise this potential, this paper shared the results of an industry workshop which brought together 65 academics and practitioners to explore these issues.
The results showed that there needs to be a cultural change in the way the sector works and its mind set. Organisation leaders will play an important role in this by a topdown approach, investing in technologies that bring together valuable data generated from different sites and fragmented processes, investing in awareness raising and training, and employing people with necessary skill sets (Ofori, 2008) . However, it should be noted that the use of those integrating technologies by different project stakeholders should be facilitated as well with relational project delivery structures and commercial configurations that enable data sharing and transparency between the stakeholders (Porwal and Hewage, 2013) .
The results also showed that the key drivers in using data mining within the AEC sector are related to the sustainability, process improvement, market intelligence, cost certainty and cost reduction, performance certainty and decision support system agendas in the sector. As for the processes with the greatest potential for data mining applications, design, construction, procurement, forensic analysis, sustainability and energy consumption and reuse of digital components were perceived as the main process areas.
While the key challenges were perceived as being data issues due to the fragmented nature of the construction process, the need for a cultural change, IT systems used in silos, skills requirements and having clearly defined business goals.
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• A pivot table displaying the attendee profiles was added to the paper under the research methodology section ( Despite the merits of the paper, the way that the research is formulated and the paper is written lacks organization and rather out of focus. There is a big issue also in the presentation of the paper. The appropriate format of the Journal was not used. The English writing is very poor. The paper needs a big purification. The paper should be improved to illustrate a more organized scientific writing, e.g. Abstract, Introduction and Conclusion need to be improved.
Additional Questions: <b>1. Originality: </b>Does the paper contain new and significant information adequate to justify publication?: Although this paper does an interesting work and could be useful for theoretical knowledge, the collection/analysis of the data is weak. There isn't adequate and significant information to justify the findings.
<b>2. Relationship to Literature: </b>Does the paper demonstrate an adequate understanding of the relevant literature in the field and cite an appropriate range of literature sources? Is any significant work ignored?: Literature review is not extensive. Some important, updated and related references are missing. The paper lacks review of big data application in AEC. It also lacks references e.g. Page 5 of 25, Line 26-56.
Some comparative analyses should be conducted. Challenges and Drivers for Data Mining in the AEC Sector have been studied in the paper published in Facilities (Emerald) e.g. "The future of Big Data in facilities management: opportunities and challenges". The authors could check international mainstream journals for an update.
More recent citations needed. Only 2 references from 2015, 1 from 2016 and 1 from 2017.
No element of criticality analyzed from previous researches relevant to the same research area.
<b>3. Methodology: </b>Is the paper's argument built on an appropriate base of theory, concepts or other ideas? Has the research or equivalent intellectual work on which the paper is based been well designed? Are the methods employed appropriate?: The Method appears somewhat 'weak' as it is inter-woven around panel discussion and feedback. There are no supporting references to justify the research method. The paper could have benefited from a more suitable method or
• The paper is a scoping paper on a scarcely researched topic. We are not aiming to find solutions to BI&A and data mining issues in the AEC sector. The aim of the paper is to highlight those issues and to provide a ground for future research in this emerging field. This aim was added to the introduction section to highlight the aim of the paper better. • The paper was proof read and reviewed as per your comments. Various errors were corrected. <b>5. Implications for research, practice and/or society: </b>Does the paper identify clearly any implications for research, practice and/or society? Does the paper bridge the gap between theory and practice? How can the research be used in practice (economic and commercial impact), in teaching, to influence public policy, in research (contributing to the body of knowledge)? What is the impact upon society (influencing public attitudes, affecting quality of life)? Are these implications consistent with the findings and conclusions of the paper?: The paper does not have any clearly defined implication. The findings are not explicitly made: only unsupported drivers, processes and challenges have been listed. Not clear as to how the research findings are able to address the key issues raised in Page 9 of 25, Lines 18-48.
<b>6. Quality of Communication: </b>Does the paper clearly express its case, measured against the technical language of the fields and the expected knowledge of the journal's readership? Has attention been paid to the clarity of expression and readability, such as sentence structure, jargon use, acronyms, etc.: Despite the merits of the paper, the way that the research is formulated and the paper is written lacks organization and rather out of focus. There is a big issue also in the presentation of the paper. The appropriate format of the Journal was not used.
The English writing is very poor. The paper needs a big purification.
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